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The discovery of novel substrate materials has been dominated by trial and error, opening the opportunity for
a systematic search. To identify stable crystal surfaces, we generate bonding networks for materials from the
Materials Project database with one to five atoms in the primitive unit cell. For three-dimensional crystals in this
set, we systematically break up to three bonds in the bonding network of the primitive cell. Successful cleavage
reduces the bonding network to two periodic dimensions, creating a layer of the cleaved crystal. We identify
4,708 unique cleavage surfaces across 2,136 bulk crystals. To characterize the likelihood of cleavage and the
thermodynamic stability of the cleaved surfaces, we create monolayers of these surfaces and calculate the work
of adhesion and the partially-relaxed surface energy using density functional theory to discover 3,730 potential
substrates, 2,188 of which do not contain f-valence electrons. Following, we identify distinct trends in the work
of adhesion of these layers and relate them to metallic and covalent/ionic bonding of the three-dimensional
precursor. The resulting substrate database displays a diverse distribution of electronic properties and lattice
parameters, providing opportunities for the epitaxial growth of many materials. We illustrate the potential
impact of the substrate database by identifying several new epitaxial substrates for the transparent conductor
BaSnO3, which exhibit low cleavage energies and result in strains an order of magnitude lower than currently
used substrates. The open-source database of substrates and their properties is available at MaterialsWeb.org.
Single-crystal substrates facilitate the epitaxial growth of
crystalline thin films based on their surface similarity, in terms
of lattice parameters and symmetry. Many single-crystal sub-
strate materials are commercially available with different facet
orientations. However, while exfoliated 2D materials such as
graphene are naturally smooth, cleaving a crystal does not
guarantee an atomically smooth surface. Energetic instabil-
ities of cleaved facets can result in the formation of various
defects that limit the quality of a substrate for synthesis ef-
forts. Identifying a wider range of substrates with low surface
energies would enable the growth of high-quality materials by
minimizing the presence of undesirable defects. For example,
the cubic perovskite BaSnO3 has diminished electronic prop-
erties due to the lattice mismatch of its (100) surface and the
substrates suitable for its growth.1–3
The discovery of two-dimensional (2D) materials present
similar challenges to substrates, most notably that both re-
quire materials with low surface energies. Computational ef-
forts to identify novel 2D material have significantly expanded
the list of potential monolayers and helped guide experimental
synthesis.4–11 One discovery technique is data mining, which
searches bulk materials databases for yet unidentified mono-
layers.6–11 A recent effort in this direction identified and char-
acterized the bonding network of a crystal structure using the
topological scaling algorithm (TSA).7 This algorithm identi-
fies bonding clusters within a finite number of unit cells, then
uses the scaling of this network size as a function of supercell
size to define dimensionality and was used to discover over
600 low-energy 2D materials.7
In this work, we present an approach to identify novel
substrates, which utilizes the computational cleavage of bulk
crystals. This effort is motivated by our recent 2D structure
search using the genetic algorithm software GASP12,13 for
the Ga2O3 system. In that search, we identified a monolayer
Ga
O
Cleavage
plane
FIG. 1. Example of a cleavable crystal, Ga2O3. The (201) plane
exhibits a low density of bonds that, when cleaved, creates a low
energy surface.
structure that can be cleaved from the bulk crystal and was al-
ready experimentally synthesized.14,15 Thus, we use data min-
ing techniques to discover planes of cleavage in fully periodic
crystals. Rather than using the TSA to identify van der Waals
gaps, we use it first to identify conventionally bonded solids;
then, we systematically break bonds in the crystal to create a
low-dimensional structure. When the breaking of bonds gen-
erates a surface (i.e., gives the material a 2D structural mo-
tif), we extract a single monolayer and calculate the work of
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FIG. 2. Bond cleaving algorithm. (a) The periodic bond approach
cleaves all periodic images of a bond. (b) The periodic atom ap-
proach cleaves the bonds between all periodic images of the atoms.
The periodic atom approach requires at least three atoms in the prim-
itive cell to generate a cleaved facet.
adhesion (i.e., the energy cost required to cleave the crys-
tal and form two surfaces), using density functional theory
(DFT). This approach identifies nearly 4,000 potential sub-
strates with surface energies comparable to experimentally
used substrates and some with formation energies compara-
ble to free-standing 2D materials.16
Candidate materials. For our study, we select all materials
in the MaterialsProject database17 with five or fewer atoms in
the primitive unit cell and within 50 meV/atom of the con-
vex hull, the latter to promote thermodynamic stability. Next,
the topological scaling algorithm (TSA) identifies convention-
ally networked structures from this subset and creates a list of
all bonds between neighboring atoms in these crystals. The
bonding identification utilizes the empirical atomic radii of the
elements, as provided in the pymatgen software package,18
which we increase by 10%.
Bond cleavage. We implement two approaches for cleaving
bonds in a crystal structure that are illustrated in Fig. 2. The
first approach breaks all periodic instances of a bond between
two atoms in the supercell and is denoted as the “periodic
bonds” approach. In this case, the three A-B bonds shown in
Fig. 2(a) are treated separately. The second approach breaks
the bonds between all periodic instances of the atoms in the
supercell and is referred to as the “periodic atom” approach,
illustrated in Fig. 2(b).
We systematically break unique bonds in the primitive cell
up to a maximum number of bonds given by
Nbonds = round
(
α N2/3atoms
)
, (1)
where Natoms is the number of atoms in the primitive cell, and
α is a scalable parameter based on the desired maximum num-
ber of bonds broken. The exponent of 2/3 appropriately scales
the number of bonds per plane with increasing cell size. The
choice of α = 1 in this work results in one to three cleaved
bonds in primitive cells of one to five atoms. For the peri-
odic bond approach, Nbonds scales with the square of the su-
percell size. For the periodic atom approach, Nbonds scales at
least with the square of the supercell size, with the potential
to break a significantly larger number of bonds. The periodic
atom approach fails for two-atom unit cells, and, with increas-
ing unit cell size, converges to the results of the periodic bond
approach.
Topology of resulting structure. To determine if a cleav-
age surface has been generated, the TSA is run on the prim-
itive cell with Nbonds or fewer bonds broken (using either ap-
proach). If the TSA identifies a two-dimensional structural
motif with the same stoichiometry as the overall cell, we have
created a cleavable surface. This surface is isolated as a mono-
layer and oriented such that the ~a and ~b lattice vectors span
the 2D lattice of the monolayer structure and the~c lattice pa-
rameter is chosen perpendicular to the (~a,~b) plane. Due to
the crystal symmetry, our algorithm can identify multiple in-
stances of some surfaces. We remove these duplicates and
identify the unique surfaces extracted from each crystal using
the pymatgen structure matching algorithm.17
Predicted substrates. From a starting set of 120,612 mate-
rials in the Materials Project database,17 9,309 crystals meet
the criteria of exhibiting (i) an energy within 50 meV/atom
of the thermodynamic hull (72,316), (ii) a primitive cell of 5
or fewer atoms (9,980), and (iii) a bonding network of three-
dimensional topology. Applying the periodic bond and peri-
odic atom cleavage approaches to the 9,309 materials gener-
ates 1,929 and 3,928 unique surfaces, respectively. Applying
the structure matching to the combined list of 5,857 surfaces,
we identify a total of 4,708 unique cleaved surfaces across
2,136 bulk crystals. It is worth noting here that Ga2O3 is
not identified as cleavable by this search, as (i) the number
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FIG. 3. The work of adhesion and the surface energy after ten relax-
ation steps of the cleaved surfaces. Red indicates a higher density of
points. The solid, dashed, and dotted black lines represent the work
of adhesion of the (0001) CdS, ZnO, and AlN substrates, respec-
tively. The grey region indicates materials have a work of adhesion
greater than common substrates.
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(a) Any precursor (4,325) (b) Metallic precursor (2,591) 1.4 eV/bond (c) Insulating precursor (1,734) 1.9 eV/bond
FIG. 4. Distribution of the work of adhesion vs. bond density of cleaved surfaces, represented by kernel density estimation: (a) for 4,325
cleavage surfaces, (b) for surfaces with metallic precursors, and (c) for surfaces with precursors exhibiting an electronic bandgap. We use
the bandgap reported by Materials Project for the bulk precursors of the surfaces. The dashed lines indicate the mean energy per bond. On
average, the metallic precursors exhibit a higher coordination number, and hence bond density for the cleavage plane in conjunction with a
lower energy per bond than the more covalent and ionically bonded precursors. This trend is reflected in the average energy of the cleaved
bonds for metals being lower at 1.4 eV/bond compared to 1.9 eV/bond for the cleaved covalent and ionic precursors.
of atoms in the primitive cell of the crystal is greater than five
and (ii) the TSA identifies the crystal as layered when using
our choice of 1.1 times the atomic radii of Ga and O, rather
than as a fully networked structure.
To determine the stability of the surfaces, we perform DFT
calculations with VASP.19,20 We extract monolayers for each
of the identified 4,708 unique cleavage surfaces and optimize
the structure of the surfaces and their bulk precursors; 2,115
bulk precursors phases successfully underwent structural op-
timization, and 4,325 monolayers remained structurally in-
tact and changed by less than 40% in surface area. A siz-
able number of 1,802 of these surfaces contain f-valence el-
ements, for which semilocal exchange-correlation function-
als exhibit larger formation energy errors.21 Therefore, care
should be taken when considering these materials in the Ma-
terialsWeb.org substrate database.
We use the work of adhesion of a monolayer to describe
the thermodynamic stability of a surface. The work of adhe-
sion measures the energy required to cleave a material, and
the surface energy of a material’s facet measures the thermo-
dynamics stability of said facet. To validate that a monolayer
accurately approximates the work of adhesion for cleaving a
crystal, we calculate the change in work of adhesion with slab
thickness for a subset of 21 (001) surfaces, from one to four
unit cells. We find changes in the work of adhesion of less
than 3 meV/A˚2, confirming that monolayers accurately de-
scribe the work of adhesion for a cleaved surface. To ver-
ify that the work of adhesion indicates surface stability, we
compare the calculated work of adhesion for 4,325 cleaved,
free-standing monolayers to their partially-optimized surface
energy in Fig. 3. We observe that 2,182 materials display sur-
face energies within 10% of half their work of adhesion and
1,433 within 5%. Importantly, in most cases, the work of ad-
hesion is larger than the surface energy, demonstrating that it
is an effective metric for surface stability.
Our search identifies several surfaces that are currently used
as substrates, including (0001) CdS, ZnO, and AlN. Figure 3
highlights 3,730 surfaces (2,188 f-valence free) with a work
of adhesion below that of (0001) AlN, and 846 surfaces below
that of (0001) CdS. We also identify 249 materials that exhibit
formation energies less than that of 2D-SnSe,22,23 indicating
the possibility that these 249 materials could be synthesized
as free-standing materials.16
Figure 4 analyzes the trend between the number of cleaved
bonds and the work of adhesion across the 4,325 cleaved sur-
faces. The joint distribution in Fig. 4(a) indicates that our
cleavage criterion of Eq. (1) results in both a low density of
cleaved bonds and a moderate spread of work of adhesion.
Furthermore, the distribution indicates two clustering trends
in the plot, which correspond to different average bond en-
ergies. We attribute these trends to different types of chem-
ical bonds being broken. Metallic systems typically display
high coordination numbers and somewhat lower bond ener-
gies. Covalent and ionic bonds share localized electrons,
which results in lower coordination numbers and higher en-
ergies per bond. To test this hypothesis, Figures 4(b) and (c)
show the work of adhesion and bond density distribution for
monolayers derived from metallic and insulating precursors,
respectively, based on the precursor bandgap reported in the
MaterialsProject database.17 We observe that the two clusters
in the distribution indeed correspond predominantly to metal-
lic and covalent/ionic bonding with average bond energies of
1.4 and 1.9 eV/bond, respectively.
To determine the potential of our data mining approach to
expand the set of known substrates, we characterize the the
cleavage surfaces’ symmetry and lattice parameters. Figure 5
illustrates the lattice parameter distribution of the hexagonal,
square, and tetragonal substrates identified in this work, as
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FIG. 5. Lattice vectors, bandgaps, and their kernel density estimates for (a) hexagonal, (b) square, and (c) tetragonal substrates with insulating
precursors. For the tetragonal substrates in (c), the a and b lattice vectors are both plotted and connected with a dashed line, and the b kernel
density is plotted in grey. For substrates with metallic precursors, (d) shows boxplots for the hexagonal and square substrates and the b/a ratio
of the tetragonal ones. The 63 monoclinic surfaces are not represented here.
well as the electronic properties of their bulk precursors. The
broad range of electronic behavior and lattice parameters for
each symmetry indicates that these cleaved crystals could pro-
vide suitable substrates for a variety of thin-film systems.
To demonstrate the impact of this substrate database, we
epitaxially match cubic perovskite (100) BaSnO3, using the
crystal structure and stiffness tensor provided by Material-
sProject17,24 to substrates with a work of adhesion below that
of (0001) AlN. We use the pymatgen18 lattice matching al-
gorithm to epitaxially match the perovskite to the layers ex-
tracted in our search. We identify 34 cleavage surfaces when
using the screening criteria of (i) a work of adhesion less than
that of (0001) AlN, (ii) a strain energy below 1 meV/atom, (iii)
no f-valence species, and (iv) epitaxial matches to a single unit
cell of BaSnO3.
We highlight here three potential substrates: (001)
Rb2NiO2,25 (001) NiO,26 and (001) CaSe.27 The work of
adhesion for each substrate is small, being 23, 36, and
28 meV/A˚2, respectively. The resulting epitaxial strain of
BaSnO3 for Rb2NiO2 and NiO are also small, with only
+0.3% and +0.4%, which correspond to strain energies of 0.2
and 0.4 meV/atom, respectively. These are an order of mag-
nitude smaller than currently used substrates such as (001)
SrTiO3 (−5.4%) and (001) MgO (+2.2%) indicating the op-
portunity for defect-free growth of BaSnO3 on these new
substrates. The strain energy when using CaSe is larger at
1.3 meV/atom, though still with a low lattice mismatch of
+0.7%. All three precursor materials – Rb2NiO2, NiO, and
CaSe – have been experimentally synthesized,25–27 providing
new opportunities for the growth of BaSnO3.
To facilitate the use of these substrates for further studies
and future synthesis efforts of epitaxial single-crystal thin-
films, we provide the substrate structures and the data on their
stability under an open-source license at MaterialsWeb.org.
Furthermore, we make the software for cleaving crystal struc-
tures available as part of the open-source MPInterfaces pack-
age.28,29
In conclusion, we developed a data mining approach that
systematically breaks bonds in three-dimensional crystals to
identify cleavage planes for substrate synthesis. We identify
4,708 unique cleavage surfaces across 2,136 periodic crys-
tals and determine their structure and stability. We show that
3,730 surfaces display a work of adhesion comparable to that
of the known substrate material (0001) AlN. These cleavage
surfaces show a broad distribution of electronic properties and
lattice parameters. We illustrate their utility by identifying
three substrates for BaSnO3 with epitaxial matches that are
an order of magnitude better than currently used substrates.
Though we limited our search to small primitive cells, the
low surface energy of Ga2O3 indicates that there are many
more low-energy substrates which can be cleaved from pe-
riodic crystals. The database of substrates identified in this
work and the software used to search for novel substrates are
freely available at MaterialsWeb.org and in the MPInterfaces
software package.29
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METHODS
Characterization of cleaved materials. To calculate the sta-
bility of the cleaved surfaces, we perform density functional
theory (DFT) calculations with the projector-augmented wave
(PAW) method as implemented in the VASP package.19,20 The
choice of PAW potentials follows the recommendation of py-
5matgen.17 We employ the Perdew-Burke-Ernzerhof (PBE)30
approximation for the exchange-correlation functionals. To
obtain convergence of the energy to 1 meV/atom, we use a Γ-
centered k-point mesh with a density of 60 k-points per A˚−1
and a cutoff energy for the plane-wave basis set of 600 eV.
For the 2D materials, we employ a vacuum spacing of 14 A˚
and reduce the number of k-points in the out-of-plane direc-
tion to 1. The DFT calculations are performed spin-polarized
with an initial ferromagnetic configuration. Transition metal
atoms are initialized with a magnetic moment of 6 µbohr and
all others with a moment of 0.5 µBohr.
Workflow. We use the software packages pymatgen18 and
MPInterfaces28 to prepare the input files, organize the results
for the cleavage algorithm, and analyze the results of the DFT
calculations. We use the pymatgen structure matching algo-
rithm with an atomic position tolerance of 10−4 and not per-
mitting any primitive cell reduction, lattice scaling, or super-
cell transformations.17 Decreasing the tolerance to 10−5 only
marginally increases the number of unique surfaces by 27, in-
dicating that the choice of 10−4 provides high confidence in
the uniqueness of the identified substrates. We fully relax all
bulk precursor structures. To improve the efficiency of the
materials screening for the large number of candidate cleaved
materials, we relax each cleavage surface for a maximum of
ten ionic steps, though not all extracted surfaces required that
many steps for convergence. Any surfaces for which the bulk
precursor did not converge are excluded from this study. Any
surfaces which either diverged in energy or changed in surface
area by more than 40% are excluded as well.
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